The tooling system is an extremely important functional part of high-grade numerical-control (NC) machine tools. As such, monitoring the running state of NC tooling systems is a key aspect of the NC system, and one that has a decisive effect on the manufacturing process (Li et al., 2017) . Therefore, as manufacturing processes continue to develop, it is essential that the tool state is monitored in real-time so as to provide a basis for warning operators of the need for tool radius compensation and cutting parameter optimization (Kannatey-Asibu et al., 2017) . As a result of such action, environmental pollution and processing costs can be reduced, and productivity and product quality improved (Ghani et al., 2011) .
is worn, the natural frequency of the cutting system will be changed. At this time, the energy of the tool wear signal will change in the natural frequency section.
Empirical mode decomposition (EMD), however, is a newly developed signal-processing method that is suitable for non-linear and non-stationary signals. EMD is a method of time-frequency analysis that was proposed by Huang in 1998 . The EMD method involves decomposing a signal into the sum of numerous intrinsic mode functions (IMFs) based on the timescales of the local features of the signal (Huang et al.,1998) . As EMD is a local method of time-frequency analysis which uses an adaptive basis, it avoids the effects associated with poor decomposition which generally occur due to improper choice of basis function during wavelet decomposition. Moreover, each of the decomposed IMFs represent information specific to a certain frequency-band and have specific significance. This favors the extraction of weak abnormal information from the signal. However, as a result of the fitting of envelope lines and mean-value curves, the zero-mean problem and end effects of the algorithm mean that the IMF components obtained using EMD from the measured signals lack physical significance in mechanical failure applications. This has a heavy impact on the application of EMD processing in signal analysis. This is especially the case when the timescales of the signals decomposed via EMD exhibit 'jumpy' changes. As a result, IMF components containing features of different timescales are likely to occur, that is, we end up with modal mixtures, (Peng et al.,2005 and Chen et al.,2014) .
To solve this problem, Wu et al. proposed the use of EEMD. Using EEMD, a non-stationary signal can be decomposed into a finite number of approximately stationary IMFs. Of crucial importance is that the degree of modal mixing in the IMFs obtained via EEMD is lower than that via EMD Huang,2004,2009 ). The signal energies in different frequency bands change when tools become worn. Therefore, the state of wear can be identified by calculating the EEMD energy entropy of the different vibration signals (Yang and Shao,2013) . On this basis, a new method of predicting the wear of milling tools based on EEMD and SVM is proposed in this study. In the method, the energy features extracted from the IMF components that contain primary information on tool wear are regarded as the input to the SVM to identify the state of the tool wear.
Experimental materials and procedures 2.1 Workpiece materials
0Cr18Ni9 stainless steel with high strength, good rigidity, strong corrosion resistance, good wear resistance, low price and excellent comprehensive performance, and is widely used in aerospace, chemical, petroleum, building and food in all walks of life, which has extensive application. 0Cr18Ni9 stainless steel is a material that is typically difficult to machine: it shows a high tenacity and thermal intensity as well as a low thermal conductivity. Furthermore, it is liable to undergo significant plastic deformation, severe work hardening, and generates much heat during cutting, and the heat is hard to dissipated, so the tool tip operates at a high temperature and chips are liable to adhere to the cutting edges. As a result, built-up edges are easily to produce, so as to accelerate tool wear . In view of the wide application of 0Cr18Ni9 stainless steel and its difficult to process particularity, 0Cr18Ni9 stainless steel is chosen as the experimental object.
In the experiment, 0Cr18Ni9 stainless steel square stock with a length, width, and height of 420 mm, 320mm, and 100 mm respectively was used. 
Cutting tool materials and geometrical parameters
TiAlN_ carbide tool with 10 μm of composite coating produced by Lamina Company, Switzerland was used to process the 0Cr18Ni9 stainless steel. In addition, it had two teeth and the types of arbor and insert were 90W25-3K13 and APMT 1135 PDTR LT30 respectively. The geometrical parameters of the insert were as follows: front angle 9°, back angle 16°, inclination angle 4°, minor back angle 17°, end-cutting edge angle 4°, corner radius 0.5 mm, and cutting edge angle 90°after installing a insert (see Figure 1) . The diameter of the tool used in the experiments is 16mm.
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Cutting experiments
Cutting experiments were conducted on an NC milling machine (type XKA 714) and the cutting rate adjusted by changing the spindle speed. During the experiments, the vibrations in the x, y, and z directions were measured by using a DH5922N testing system. A microscope with a super-high depth of field (Smartzoom 5) was employed to observe the wear mode and measure the extent of wear of the flank. The vibration acceleration test system used is illustrated in Fig. 2 . The acceleration transducer is located on the workpiece.In our experiments, the peripheral milling and radial cutting depths were both 2 mm, and the acceleration sampling frequency was set to 10 kHz (in dry cutting mode).
Fig.2 Milling and vibration acceleration test system
Cutting conditions were chosen according to an orthogonal experiment table. Under the conditions determined, the experiments proceeded as follows: 1)Two blades were installed on the cutter bar for the cutting experiments and a single-cutting length of 420 mm was chosen. Cutting was continuously performed 5 times using NC programming. The vibrational signals were collected during cutting and then the cutter bar and blades were taken down.
2)The extent of wear of the cutter flank, VB, was measured.
3)The cutter bar and blades were reinstalled and then the NC milling machine was turned on. Cutting was continuously performed 5 times under the control of the NC programmer. The cutting process was continued until a reasonable amount of wear had been caused to the blades ( 0.3 mm VB  ). In this context, the cutting experiment for this set of conditions was ended. 4)Another set of cutting conditions were chosen and then steps 1-3 repeated. When all the different cutting conditions had been completed, the experiment was ended.
In the experiments made using the same cutting conditions, the new blades used last for some time before they reach a certain amount of wear (which is consistent with what happens in actual cutting jobs). Tool wear is a process that only varies gradually. Hence, only the experimental data obtained in the last 3 s of each cutting process will truly reflect the state of tool wear corresponding to the measured VB. This greatly reduces the amount of data that needs to be analyzed and makes subsequent data processing much more convenient. A method that cutting time is gradually increased is used in each cutting experiment to facilitate the calibration of cutting time. The wear on the tools was measured using the following procedure:
1)The tool shank and positions of tool bits 1 and 2 were marked. A black spot was marked where the generatrix of the shank was vertical to the normal of the primary tool flank. An infrared (IR) emitter was fixed onto the Smartzoom 5 so that IR ray emitted was parallel to the normal of the primary tool flank and coincided with the black spot (Figs. 3a  and 3b) .
2)To guarantee that different tools were in the same position under the lens, a white rectangular block was pasted onto the display screen. During each observation process, the end of the tool bit was checked to ensure that it coincided with the block (Fig. 3c). 3)To ensure the same measuring position was used, the coordinate system in the Smartzoom 5 was employed (the coordinate system was determined according to special points in the tool image taken before wear was incurred). The tool nose was taken as the origin. A distance equal to two-thirds of the cutting depth used in the experiment was measured along the blade line. Then, the horizontal and vertical coordinates of the point corresponding to this two-thirds depth were ascertained. The straight line passing through this horizontal coordinate was employed as the line used to monitor the tool wear. Clearly, the tool nose could not be determined once the tool had started to wear. Therefore, the tool root was used as the standard location to which the relative amount of tool wear was recorded. Subsequently, all the coordinates used were recorded and used to calculate the degree of tool wear (Figs. 3d and 3e) . 4)Pictures were taken of the tools after putting them into the set reference position. Using the coordinates determined before wear started, the wear-monitoring line could be obtained from the tool image. The initial wear point on the line was manually moved to the bottom edge of the tool wear area and the vertical coordinate recorded. The extent of tool wear could then be acquired by finding the difference between the vertical coordinates before and after the movement. Finally, the data was recorded (Fig. 3f) .
5)The extent of tool wear grows with time (i.e. the wear value measured each time is larger than that previously measured). Thus, any decline in the extent of wear suggests that errors are present in the experimental results (this may be caused by various uncertain factors, e.g. local non-uniformity in the tool texture, inaccurate monitoring of the wear line, etc.). Therefore, the whole of the wear area was analyzed macroscopically during data acquisition to help eliminate (as far as possible) the effects of accidental factors on the experimental data. In addition, measurements were conducted three times in order to avoid errors during the measurement process. These measurements were then averaged and the mean taken as the extent of wear of the tool flank. Fig.3 The tool wear offline measurement Experiments were conducted using orthogonal experiments based on three factors at four levels (the experimental variables include the cutting rate v , feed per tooth f , and cutting depth p a ). The factors and levels used in the milling experiments are given in Table 2, and Table 3 constitutes the orthogonal experiment table employed. 
Variation in tool wear and extraction of sample data
By using a microscope with a super-high depth of field, the extent of wear of the tool flanks could be observed and measured. The wear mode and variation in the extent of wear VB with cutting length L is shown in Figs. 4 ). Fig. 4 shows that when the stainless steel (0Cr18Ni9) was milled, wear primarily occurred to the rake face, flank, and boundary. Also, multi-mode wear probably appears simultaneously due to the complex nature of the cutting process. As stainless steel is a hard material to machine, serious friction occurs between the rake face and sheared metal, as well as between the flank and machined surface. As a result, high contact pressure and temperature is generated which causes the rake face, flank, and boundary of the tool to wear. . The wear process in milling tools can be divided into three stages: primary, normal, and dramatic. In the primary wear stage (0-3 m), the wear rate is rapid. When the extent of wear increases to 0.1 mm, the wear rate declines to a small value. We then enter the normal wear stage (3-30 m), during which the extent of wear slowly grows from 0.1 to 0.3 mm. Finally, in the Xu, Chai, Li and Shi, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.12, No.2 (2018) dramatic wear stage, the extent of wear of the tool flank increases significantly. Fig. 5 shows that the extent of wear of two tool flanks which were started simultaneously vary in the same way with cutting length. The samples used in the subsequent analysis were extracted based on the overall change in tool wear. The tool wear can be divided into six states, according to the extent of wear of the tool flanks (Table 4) . 
EEMD and feature extraction 3.1 The EEMD method
The EEMD method reduces the degree of modal mixing by adding white noise to the recorded signal. This is done so that the signal exhibits a certain continuity on different scales based on the statistical nature (uniformly distributed frequency) of the Gaussian white noise. The specific decomposition steps used and principles involved are as follows (Zhang et al.,2012) :
1)The ensemble average time M is initialized and numerical amplitudes assigned to the newly added white noise. Moreover, 1  i .
2)White noise refer to the i th additional noise signal and the i th white noise series, respectively. The Gaussian white noise directly affects the decomposition of the signal using EEMD and avoids modal mixing occurring.
3)The new signal
x t is decomposed to a sum of IMFs using the EMD algorithm.
The number of IMFs Li and Shi, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.12, No.2 (2018) 5)The mean value of the decomposed IMF sets is calculated as the final result and   t c j is taken to be the IMF as decomposed by EEMD.
The larger the value M, the closer the sum of the corresponding IMF with white noise approaches to zero. In this context, the resulting EEMD decomposition is:
where, r(t) refers to the final residual component, which represents the average trend of the signal. Each signal, x(t), can be decomposed into a sum of a finite number of IMFs and a residual component using the EEMD method. The intrinsic mode components   t c j represent the component signal bands from high to low frequency. Each frequency band contains different frequency components, which also vary as the signal x(t) changes. ). The signal can be decomposed into 13 IMF components and one residual component using the EMD method, as shown in Fig. 7 . It can be seen from this figure that the non-stationary vibration acceleration signal arising from the tool's wear state is decomposed into a finite number of stationary IMF components by the EMD method. In addition, the different IMF components correspond to different timescales. Fig. 8 shows the decomposition results obtained under the same conditions using EEMD. It can be seen from a comparison of Figs. 8 and 7 that the latter has a lower degree of modal mixing when the amplitudes change in the same range. Obviously, if there is basically no difference in the waves while the amplitude range varies, then the degree of modal mixing with the smaller change in amplitude range is less than that with larger changes. Thus, it can be concluded that the degree of modal mixing using EEMD is lower than that found using EMD.
Sensitive IMFs extraction
The next step is to identify the most sensitive IMFs. As well as information on the state of tool wear, the original vibrational signals also contain various irrelevant information (state of the machine, etc.) and background noise. The original signals have been decomposed into a series of IMF components representing the intrinsic signals using EEMD. By eliminating the IMFs containing noise and information irrelevant to the wear state of the tool, we can improve the accuracy with which the tool wear is identified. Depending on the characteristics of the tool-wear-induced vibrational signals, the steps involved in this process are as follows: 1)Signal preprocessing: Apart from useful information, the vibrational signals collected from the experimental tool-wear identification process also contain much interference. The signals tend to exhibit troublesome characteristics including non-linearity, non-stationarity, and lack smoothness. They therefore deviate from ideal (true) behavior which causes errors and even mistakes to be made in the subsequent analysis. Therefore, the preprocessing of the vibrational signals is a very important part of their analysis. Fig.7 The decomposition results using EMD The noise present can be reduced using a nonlinear method of wavelet thresholding. Generally speaking, after wavelet transformation, the wavelet coefficients with large amplitudes mainly correspond to genuine signals, while those of low amplitude are primarily noise. The threshold noise-reduction method refers to when noisy signals are processed via wavelet decomposition and then a threshold used to discard the information related to noise. Wavelets whose coefficients are larger than the set threshold are retained and those that are not have their coefficient set to zero. The processed wavelet coefficients can then be used to reconstruct the (noise-reduced) signal. The white noise in the signal can completely constrained by using the threshold method. The threshold value employed is generally calculated using one of four methods: rigrsure, heursure, sqtwolog, or minimax. The most suitable thresholds to use to reduce noise in the data used to determine tool wear are based on the signal-to-noise ratio (SNR). For threshold selection, there are 4 threshold selection rules: rigrsure, heursure, sqtwolog, and minimax. When choosing threshold to reduce noise, there is always a contradiction between noise removal and retention of high frequency components of useful signals.The rigrsure rule is an adaptive threshold selection based on Stein's unbiased likelihood estimation principle.
Given a threshold lambda   j  , its likelihood estimate is obtained, and then the likelihood   j  is minimized to obtain the selected threshold. This is a software threshold estimate.Sqtwolog is a fixed threshold form. It produces a threshold of  .The best predictor variable threshold is chosen by heursure. If the signal-to-noise ratio is very small, the signal processed by the unbiased likelihood estimation principle has very large noise, and this threshold type is needed.Minimax uses the maximum and minimum principle to generate the threshold, and uses the minimum mean square error as the objective function to produce an extremum instead of no error. It is a threshold selection method based on the statistical extremum estimator principle. This threshold estimator minimizes the maximum mean square error in a given function (Su and Jun, 2008) . Fig.8 The decomposition results obtained under the same conditions using EEMD 2)Calculation of correlation coefficients: The correlation coefficients between the IMF components and original signal are determined according to (Nie et al.,2012) : of the machine tool under no-load operation is also found.
4)The difference between the two correlation coefficients is calculated to obtain the total correlation coefficient.
5)The wear-sensitive factors of the IMF components of the signal   t x are defined and calculated (Lei ,2011) .
6)The wear-sensitive IMFs are chosen according to the wear-sensitive factors and displayed in descending order of magnitude.
7)The differences between pairs of adjacent wear-sensitive factors are calculated.
8)The index n corresponding to the maximum difference calculated above is found. The algorithm used to select the most wear-sensitive IMFs is based on the following principles. IMFs that reproduce many features of the vibration signal   t x will be similar to the signal itself and have large correlation coefficients. Therefore, the correlation coefficients ( n  ) can be considered as factors that can be used to evaluate the sensitivity of the IMFs. The signal
of the machine tool operating without load is taken as reference. The correlation coefficients
and vibration signal   t x are calculated to evaluate the non-wear information that is irrelevant to tool wear and contained in the IMFs of the signal   t x . As well as the similarity between the IMFs and signal itself, the calculation of the IMF sensitive factors also takes the similarity between the IMFs and non-wear signals into account. Therefore, the selection algorithm for the sensitive IMFs can enrich the information regarding the potential components relating to tool wear, and reduce the information of the machine tool under no-load operation that is irrelevant to wear, so as to obtain more distinct wear features.
Calculation of IMF energy and energy entropy
The frequency distribution of the vibrational signal changes when the tool is in a state of wear. As a result, the energy distribution of the vibrational signal also undergoes corresponding changes in the worn state. The vibration acceleration signal containing information on tool wear is decomposed into a group of IMF components using EEMD and then the energy i E of each IMF component is calculated (Xia et al.,2014) .
Principles of LS-SVM
LS-SVM is a method that improves on the traditional SVM method. In LS-SVM, inequality constraints appearing in traditional SVM are transformed into equality constraints, and the square error and loss function are considered to be the empirical loss of the training set. In this way, a quadratic programming problem is converted into a problem involving the solution of a set of linear equations. This makes solution of the problem faster and improves convergence precision.The basic idea of the LS-SVM classification algorithm is to transform the input space to a higher space using a non-linear transformation defined by a kernel function in order to make the samples linearly separable. The optimal classification face is constructed in the higher space to form the rule used to perform sample classification. The basic LS-SVM theory is mainly used to deal with two-class classification problems. Multi-class classification problems, are transformed into two-class ones by using combined classifiers according to the basic idea of the LS-SVM. Moreover, one of two modes are used in the combined classifier: one-to-one (as employed in this study) and one-to-many. All the possible two-class classifiers are constructed in the N training samples using the algorithm (so that there are N (N-1) 2 LS-SVM sub-classifiers). In addition, the two-class classifiers are combined and the voting method is used to choose the class with maximum votes as the class of points to be measured. 
The kernel function
can be freely chosen. To sum up, the original optimization problem to be solved is transformed into a set of linear equations using an LS-valued function. The constraints are also converted to equalities which greatly reduces the complexity of the problem.
Experimental verification
According to the theory outlined above, the procedure used to predict tool wear based on EEMD energy entropy and LS-SVM is shown in Fig. 9 . Fig. 9 The flow chart of tool wear state recognition 1)Signal preprocessing The experiments conducted were based on Table 3 . For each cutting condition employed, 30 samples were Xu, Chai, Li and Shi, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.12, No.2 (2018) collected under six tool-wear states, producing 480 vibration signal samples in total. The degree of tool wear was such that the measured VB value changed only slightly if 420 mm per feed was used to generate the data used to determine tool wear. Thus, 2100 mm (that is, cutting 420 mm for 5 times) was used. The changes associated with 2100 mm (cutting length) are considered to satisfy a linear relation. Table 5 displays the correlation found between the denoised signals (using four wavelet bases) and the original signals, and the SNRs. The table indicates that there are good correlations and high SNRs after implementing noise reduction using the heursure and rigrsure wavelet bases. Therefore, the heursure wavelet basis was used to reduce the noise in the rest of this study. Fig. 10 shows the vibration signals obtained from the cutting tools that have been denoised using the heursure wavelet basis. 2) EEMD Each signal was decomposed using the EEMD method to obtain a finite number of IMF components. The different signals produce different numbers of IMF components and so the first M IMFs containing wear information were taken to use as research objects. The correlation coefficients and wear-sensitive factors were calculated according to Eqs. (5)-(7), Determining the IMF component closely related to the original signal and contain the primary information of the original signal. The other IMF components are poorly correlated with the original signal and contain noise from the original signal. Therefore, the other IMFs are abandoned to achieve signal denoising, dimension reduction, and normalization. vibration of high frequency component is likely to occur.If the high frequency component in the IMF component is the multiple of milling the intermittent period of spindle, consideration is caused by intermittent vibration.
The correlation coefficients and wear-sensitive factors were calculated according to Eqs. (5)- (7), as shown in Fig.11 . In Fig.11 , the total correlation coefficient and the wear-sensitive factors, respectively. n means that the collected signals can be decomposed by EEMD and get n IMF components.
It can be seen from the Fig.11 that the first four IMF components exhibit a favorable correlation with the original signal and contain the primary information of the original signal. The other IMF components are poorly correlated with the original signal and contain noise from the original signal. Therefore, the other IMFs are abandoned to achieve signal denoising, dimension reduction, and normalization. Fig. 12 displays the IMF sensitive factors calculated using the sensitivity algorithm and shows them displayed in descending order. It can be seen that the maximum difference occurs between 2 c and 3 c . Thus, 1 c and 2 c for the first two IMFs are regarded as the wear-sensitive factors, and are used to construct the energy of the tool-wear signal. The selection algorithm has effectively selected the IMFs relevant to tool wear and can thus highlight the characteristics of the tool wear. In order to strengthen the dispersion features of the different energies of each vibration signal under different tool wear states, however, the first four IMF components are adopted to calculate the energy entropies.
3)Calculation of energies and energy entropies of the first four IMFs The percentage energies of the first four IMFs of the tool-wear vibration data collected in experiment No. 7 (under the sixth state) were calculated according to the methods introduced in Eqs. (8) and (9). The results are shown in Fig. 13 . It can be seen from the figure that the energy distributions corresponding to different extents of wear change after EEMD decomposition. That is, the percentage energy gives a good indication of the state of wear of the tools and fully exhibits the disparities between selected eigenvalues. Fig. 14 displays the eigenvalues of the data from different groups under the same state (0.01<VB<0.02). The eigenvalues exhibit the same trends. That is, the selected eigenvalues have favorable repeatability. Only those eigenvalues with favorable disparities and repeatability can result in accurate identification. Therefore, these two points determine the quality of the selected eigenvalues. It can be seen from the above analysis that the eigenvalues chosen in this study satisfy the above points, so they are satisfactory eigenvalues. description of the data set is given in Table 6 . The eigenvectors of the training samples in just experiment No.7 (under all wear states) are displayed in Table 7 . In Table 7 , these numbers of the rightmost column represent tool wear states of training samples according to the actual extent of wear of the measured tool and the wear condition classification in Table 4 .
5)The eigenvectors of the energy and energy entropy are established.
6)The classifier for the tool wear states composed of SVMs is then established. Then, the energy eigenvector T of the IMFs related to tool wear is input into the SVM to train the SVM. 7)Using, in turn, FFT (Guan et al.,2014) , Wavelet analysis (Guan et al.,2014) , EED and EEMD method, the characteristics vectors of the samples are input into multiple classifiers composed of SVMs for training. The times of the sigmoid kernel function is d = 3, kernel parameter of the Gaussian RBF, and error penalty factor are, γ = 0.5, and C = 1, respectively. The computational accuracy for ending iteration is set at  = 0.001. Finally, the eigenvectors of the test samples in 20 groups under 6 tool wear states (shown in Table 6 ) are input into the trained SVMs to identify the tool wear modes. The eigenvectors of the test samples in experiment No.4 under 6 tool wear states (shown in Table 6 ) are input into the trained SVMs to identify the tool wear modes. The prediction classification results are displayed in Table 8 . The classification results of test samples using different feature vector extraction methods are displayed in Table 9 . Table 9 shows that the identification rate of the LS-SVM classifier based on the EEMD is clearly superior to those of the other three classifiers. The LS-SVMs based on Gaussian RBF can efficiently identify the state of tool wear in the test samples. This shows that our method based on EEMD energy entropy and use of LS-SVM is an effective one to identify the tool-wear state. At the same time, the recognition rate of the 6 VB sample is the lowest in Table 9 because of the edge gap emerged easily and the rapid wear of the cutting tool in the dramatic wear stage. The samples collected are less, and the amount of wear is distributed among the 0.30-0.35mm, and the coverage of the sample is narrow, which leads to insufficient training. It affects the overall recognition rate. However, the error identification of such samples does not affect the performance of the tool.
Conclusions
The vibrational signals from milling tools subject to wear were processed using an EEMD method to explore the energies of the principal components that contain information about the state of tool wear. The energies obtained were normalized to generate energy eigenvectors to use as input to an LS-SVM for training and testing purposes. The following conclusions can be made after comparing the predictions made using three different functions: 1)EEMD is a self-adaptive signal processing method which can be used to precisely process non-linear and non-stationary signals. The degree of modal mixing using EEMD is lower than that achieved using the EMD method.
2)The energies of the signals in the different frequency bands change when the tools are worn. Hence, the state of the tool wear can be identified by calculating the EEMD energies and energy entropies of the different vibrational signals.
3)The correlation coefficients between each IMF component and original signal can be calculated and sensitive IMFs chosen according to wear-sensitive factors. Moreover, the tool-wear state can be successfully identified by combining the energy features extracted from the wear-sensitive IMFs containing primary tool-wear information with the LS-SVM.
4)The predictions made using an LS-SVM based on EEMD method are more accurate than those made using FFT, Wavelet analysis and EMD methods.
